The development of intelligent decision support systems requires much research effort to solve decisionmaking problems' complexity. In fact, the combination of both intelligent components and visualization aspects in intelligent decision support system required a lot of efforts in order to develop advanced information visualization schemes for decision-making processes. For this, an efficient evaluation of these systems has become a major concern for applications in multiple fields. The reports of the existing usability evaluation studies are helpful to verify the potential and the limitations of these tools. However, it is important to integrate more relevant metrics for visual analytics tasks in dynamic intelligent decision support system. The proposed method consists of a questionnaire that is given to the users and a subsequent analysis of the resulting data using fuzzy logic. The advantage of the fuzzy model is its ability to transform the input survey scores into linguistic variables, as well as linguistic evaluation of the overall intelligent decision support system visualization tool. With this approach, it is possible to model the vagueness in the ordinal judgments obtained from the users' evaluation about the visualizations of intelligent decision support system and to support uncertainty in such evaluation.
Introduction
This article proposes a new evaluation method of visualizations generated by decision support systems (DSSs) based on data mining methods, known as intelligent DSS (iDSS). In the literature, evaluating visual representations is based on classical and novel methods. It involves dimensions in usability evaluation such as effectiveness, efficacy, and satisfaction and seeks to determine how well visualizations generate insight to their users in reasonable time and with reasonable satisfaction. 1, 2 The existing evaluation methods use the following: (1) quantitative techniques such as surveys/questionnaires, pre/post tests, and heuristic analysis;; (2) qualitative techniques such as observations, interviews, and focus groups; 3 or (3) ''mixed method'' approaches that collect both quantitative and qualitative data. 4, 5 Visualization evaluation studies are either based on the user tasks and data characteristics or observational by learning about the users. 6, 7 As far as we know, no study captured vagueness in the ordinal judgments obtained from the users' evaluation on the visualizations of iDSS. For this reason, we propose the use of fuzzy logic technique to analyze responses provided by the users and determine an accurate evaluation based on the combination of criteria characterizing visualizations generated by iDSS.
Fuzzy logic
Fuzzy logic is an approach to computing based on ''degrees of truth'' rather than the usual ''true or false'' (1 or 0) Boolean logic. 8 The interest of fuzzy logic comes from the need to model the human operator behavior with the system rather than modeling the system. This human behavior must be described by qualitative variables rather than specifying numerical values. 9 A fuzzy set is defined by its ''membership function,'' which corresponds to the concept of ''characteristic function'' in classical logic, while considering intuition. 8 A membership function is defined by linguistic variables (e.g. height) and linguistic terms (e.g. medium, high). These variables and terms can be used directly in fuzzy rules. 9 The fuzzification allows switching from the real field to a fuzzy one by translating input into truth-values. It consists in determining the degree of membership of a measured value to a fuzzy set. 8 Fuzzy logic aims to formalize and implement the way of humans' thinking using the inference mechanism and based on fuzzy rules. 10 It computes output truth-values. Then, these values will be transferred into output (defuzzification).
In this article, we propose to evaluate visualizations in imprecise terms, in much the same way that our brain takes in information. These visualizations are generated by specific systems: iDSS. iDSS iDSS is of growing importance in increasingly complex environments. It enables inductive and predictive approaches of data analysis to facilitate decisionmaking by integrating data mining techniques. It assists organizations to take important decisions faster with a higher confidence level and lowers the uncertainty in the decision process. 11 While data mining techniques are developed independently from humancomputer interaction and visualization techniques, coupling them showed interesting visual analytic results in many application areas. 12 Generating overviews and exploring data space allow visually extracting potentially useful information. Medicine is one of these areas where data mining methods have been significantly used in combination with visualization methods. 13 The availability of large amounts of data has attracted the interest of the data mining and visualization communities 14, 15 to the opportunities offered by both the raw data and the extracted patterns. 16 Many iDSSs based on data visualization were designed and developed in the literature. [17] [18] [19] [20] Visual representations provided by the iDSS include representing data and deducing visually interpreted relationships. 18 We consider the fuzzy logic (defined in section ''Fuzzy logic'') more appropriate to evaluate these representations for the reasons presented in the following section.
Why fuzzy logic?
As data mining-based DSS is supposed to allow discovering new trends in data and to generate useful knowledge for decision-making, its evaluation must take into account this specificity. That is, not only to verify the user interface's usability but also to check their ability to visually create and transmit knowledge for the user (i.e. decision-maker).
To answer this kind of evaluation question, it would not be accurate enough to give or calculate a single number corresponding to a value in some scale. It would be possible to generate natural qualitative evaluation answers such as ''very high'' and ''very low.'' These evaluations cannot be described by any single value. For instance, what number stands for very high or very low? The evaluation seems to be even more complicated by answering this question with this vague expression.
Our idea is to express uncertain, vague, and imprecise users' evaluations in a fuzzy form. Each expression evaluating particular criterion is converted into the form of fuzzy measure inputted in a fuzzy controller and the output is computed using the inference mechanism. Thus, the fuzzy logic-based evaluation allows simultaneously evaluating visualization by handling numerical data and linguistic knowledge.
The scope of our research is to outline a proposed intelligent usability evaluation method to assess the visualizations generated by iDSS. The ultimate aim of our proposed method is not only to integrate new relevant metrics but also to apply the fuzzy logic technique. To verify its applicability, the proposed method is applied to a case study in the medical field. It consists in evaluating an existing iDSS tool for the daily fight against nosocomial infections in the intensive care units (ICUs).
This article is organized as follows: section ''Related work'' describes the related work used to explain our theoretical framework. Section ''The proposed evaluation method'' introduces our proposed usability evaluation method. Section ''Application and results'' describes its application in the medical field and its results. Finally, section ''Conclusion'' presents our conclusions and open questions.
Related work

Visual iDSS
Decision-making has become a critical part of many information structures. A DSS allows users to have permanent access to updated information that interests them. DSS should not be limited to information retrieval. The challenge is to be able to use the available information in order to gain a better understanding of the past and support the future through better decision-making. Data mining 21, 22 technology responds to this challenge.
Data mining-based DSS, commonly named iDSS, is a rapidly expanding activity that represents analytical information technologies' spectrum. In fact, data mining methods (1) extend the data analysis possibilities by exploiting richer model representations, such as decision rules and decision trees, than traditional statistical methods and (2) make analysis results more comprehensible especially to the non-technology users. 23 This interdisciplinary field of iDSS includes statistical tools, machine learning, and pattern recognition ones to support interesting patterns' discovery for the sake of facilitating decision-making. 24 There are examples of iDSSs in the literature that have already been designed and developed. Bose and Sugumaran 25 presented the intelligent data miner (IDM) DSS. It is a web-based application system enabling predefined and ad hoc data mining model creation. It provides data mining phases and necessary parameters for used algorithms. It also allows the connection with an external data mining software tool in order to create a data mining model. Polese et al. 26 proposed an iDSS that uses association rules as data mining technique to support decisions of a basketball coach by proposing tactical solutions based on the data of the past games. Lee and Park 27 introduced customized sampling DSS (CSDSS) which is a web-based system enabling the autonomous generation of available customized sampling methods using clustering data mining technique. Ltifi et al. 28 introduced an iDSS that aims to generate possible solutions for the fight against nosocomial infections in the ICUs. It allows using the dynamic Bayesian networks as data mining technique for the aim of calculating daily nosocomial infections' occurrence probability.
While iDSSs are used to improve data analysis and decision problem solving, decision-makers could easily understand the relationships of related data. Several visualization techniques in the context of iDSS have been developed to help people gain more value from significant data collections. Related literature in information visualization and iDSS presents different roles that visualization techniques could play in data mining for decision support. In fact, various research works integrate a set of visual data mining techniques. For classification purposes, association rules' visualization, interactive mosaic plots, 29 rule polygons, 30 parallel coordinates, [31] [32] [33] three-dimensional (3D) graph, 34 and CrystalClear with grid view 35 are proposed. Ma and Hellerstein's 36 study allows ordering categorical data to improve the visualization clutter. An opportunity map visualization framework was proposed to identify actionable knowledge. 37 Other types of visualization show useful results in the knowledge discovery from databases process for decision-making. 38 Nowadays, a lot of application domains of iDSS provide huge sets of data such as medicine and science. In this context, several visualization tools have been proposed in the last years due to the need of intelligent decisional applications to analyze these large amount of data.
Recently, various visualization tools have been developed for visual analytics to support decisionmaking. Ankerst et al. 39 introduced a CalendarView as visualization tool integrated into a data mining architecture called DataJewel. Munaga et al. 40 developed a novel tool called CAST (Clustering And visualizing Spatio-Temporal data) as a solution for studying and analyzing the navigation of moving entities (users, vehicles, etc.). Ramírez-Ramírez et al. 41 discussed a tool called SIMID (SIMulation of Infectious Diseases) providing medical decision-makers with effective spatio-temporal visualization of infectious disease spread. Mittelstädt et al. 42 introduced a visual iDSS for adverse drug event detection. Fischer et al. 43 proposed a visual analytics tool called NVisAware aiming at compressing data streams for visually identifying events to solve the Kronos incident problem. Mittelstädt et al. 44 presented visual analytics tools to support response in crisis situations. They introduced specific visualizations for mobile devices and control rooms. These iDSS visualization tools are evaluated in controlled case studies to measure their usability with predetermined user tasks or using expert reviews in the framework of evaluation methodologies. 45 
Visualization tools' evaluation methods
The evaluation of information visualizations is an essential component of the iDSS design process, 46 allowing researchers to quantify differences across visualizations and iterate as part of the design cycle. 47 Numerous alternatives to assess visualization tools exist in the literature. 47 Hartson and Hix 46 assessed a set of visualization techniques' usability by interpreting and comparing the results against a predefined usability specification. The study of Kobsa 48 allowed effectiveness comparison of visualization tools using controlled experiments. Examples of used metrics for heuristic evaluation are design guidelines, 3 visual properties effectiveness, 4 evaluation cognitive models, 49 and preventive processing and perceptual independence. 45 Many case studies in realistic settings evaluated the impact of visualization tools on real users' practices, such as the workplace study in Gonzales and Kobsa, 50 the field study in Rieman, 51 and the case study in Shneiderman and Plaisant 52 Mazza and Berre 5 used the focus groups' interviews to explore users' attitudes and beliefs and visualization tools in cognitive tasks. Saraiya et al. 53 presented an evaluation method based on the characteristics of data insight that allows identifying and quantifying it in the user's tests. Kosara 54 used critical inspection as a form of evaluating visualization tools. Kurzhals et al. 55 proposed the use of benchmark data to evaluate visualization methods and analysis techniques for gaze processing. Their benchmark data consist of three parts: the dynamic stimuli in the form of video, the eye tracking data, and annotated areas of interest. Ragan and Goodall 56 discussed an evaluation methodology for comparing memory and communication of analytic processes in visual analytics. Ho et al. 57 introduced a new approach for evaluating flow visualization methods based on eye tracking analysis.
iDSS generates specific visualizations that aim at visual knowledge discovery and integration for decisionmaking. Evaluating their usability is challenging because visual data mining tools combine several components (such as visual representations, data transformation, analytical reasoning, and interaction tools and results' communication) that are integrated into complex interactive DSS used by analysts and decision-makers. Users perform exploratory tasks and might not follow a predefined workflow. To understand these behaviors, an evaluation must target these components and the analytical work environment. Traditional evaluation metrics and methods presented above seem to be insufficient to assess the usability of iDSS visualizations. Within this framework, a new fuzzy logic-based evaluation methodology is proposed. It aims to model the vagueness in the initial judgments obtained from the users' subjective evaluation of the visualizations of iDSS and to support uncertainty in such an evaluation.
Limitations of other methods. Usability testing and controlled experiments limit user's thinking and performance 1 that is inappropriate since the evaluation aims at informing the development of a visualization tool. Heuristic evaluation is more difficult to use since it implicates a list of heuristics and cannot identify some unexpected problems. 5 Focus groups and case studies in realistic settings allow uncovering these problems. 5 Unfortunately, they consume time to conduct an evaluation and the results could not be generalizable. 2 We also find more recent methodologies based on insight, inspection, and specific metrics including memory, communication, and eye tracking. These metrics proved to be interesting and generic for visualizations. However, they do not take into account the users' interview biases and do not capture vagueness in the ordinal judgments obtained from the users' evaluation. Moreover, they do not determine the precise weights reflecting the importance of criteria to assess the impact of visualization on the decisionmaking environment.
A fuzzy logic analysis seems to be suitable for its ability to model the uncertainty that characterized iDSS and to use the subjectivity of the users in the evaluation. 7 In fact, as the human brain thinks in fuzzy reasoning, evaluating iDSS must take into account inaccuracies and uncertainty by allowing an element (i.e. evaluation criterion) to belong to a set with partial membership and not with absolutely belonging. Table 1 summarizes the criteria for judging that fuzzy logic. It is interesting for evaluating iDSS visualizations regarding other existing methods. 10 Using fuzzy logic to interpret initial users' evaluation results makes it possible to describe vague ideas and represent uncertainty (cf. Table 1) . 10 Fuzzy controllers have the feature of interpreting and using the knowledge acquired from the human statement in contrary to classical controllers. 9 It recourses to the imprecise linguistic description of the evaluation results via a set of control rules that are intrinsic with the knowledge base. Actually, it is very difficult to express knowledge in precise terms. The process of interpreting conclusions from provided data is called inference where new truths are inferred from the old. 9 In a fuzzy evaluation system, the values may be absolutely true, absolutely false, or anything in between. This causes a frequent encounter of ambiguities and contradictions. Fuzzy logic provides structured ways of handling ambiguities and contradictions in many sources of uncertain data.
In this background, the importance of fuzzy system theory is their ability to deal with these ambiguities allowing to this intelligent technique to be the suitable method, while the other evaluation theories fail. In fact, faced with complex problems, in particular iDSS, the human being must use approximate data and fuzzy logic as a perfect way to describe qualitatively these approximate variables. For this, our aim is to design a new way of modeling human evaluation of iDSS visualization via fuzzy logic.
The proposed evaluation method
The idea of this article is to evaluate visualizations generated by a specific kind of systems (visual data mining-based DSSs). Our contribution is twofold: first, we aim to assess these visualizations using an appropriate questionnaire and taking into account their usability and their visual analytics ability. Second, an intelligent analysis of the resulted users' judgments, relying on the fuzzy logic technique, which seems to be interesting.
In this context, we propose a procedure that occurs in two steps: (1) the first consists of answering a set of evaluation questions by the users (cf. sections ''SET 1: participant background'' and ''SET 2: evaluation variables'') and (2) the second applies the fuzzy logic technique to analyze the users' responses (questions of SET 2 in section ''SET 2: evaluation variables''). It is an automatic fuzzy application (cf. section ''Step 2: fuzzy logic application'').
Step 1: usability evaluation questionnaire
For the first step, we adopt the questionnaire as a quantitative technique to gather evaluation data from a large number of users. It is considered as the most common and popular tool. A good questionnaire can be a powerful tool to inform the evaluation. 47, 52, 58 The participants have to answer two sets of questions: (1) about participants' knowledge and experience and (2) summary questions about the visualization tools' usage after a training session.
SET 1: participant background. We have designed a 5-point Likert scale questionnaire to allow participant provide feedback on their background. Such information allows determining whether they have certain skills and/or background requirements, whether they will be familiar with the evaluation tasks, or have experience with performing certain tasks.
The Likert scale questionnaire measures the participants' level of expertise and experience with database concepts, management systems, query language, visual data mining, and DSSs (Appendix 1).
Training session. It consists of presenting the following: (1) the motivations behind the visualization tools in the context of dynamic and intelligent decision-making and (2) the detailed instructions of the tools' usage and their interactivity (zooming, labeling, filtering, etc.) which includes tools' demonstration. During this session, the participants have the opportunity to explore the tools by themselves and learn how to use them without any exterior intervention.
The training session ends with answering a set of questions relating to the data manipulation and analysis. For each one, participants have to complete the following survey: the difficulty of the questions and the time to answer them.
SET 2: evaluation variables. After the training session, the second set of questions aims to verify how a visualization tool supports the generation of actionable and relevant knowledge for decision-making. In particular, we evaluate the visualization tool's ability to support visual analysis and reasoning about data. 59 We introduce a new set of relevant metrics. They are all based on the current usability studies and experts' recommendations for DSS, data mining, as well as visualization aspects and characteristics. 1, 2, 7, 47, 52, [60] [61] [62] The participants have to reply to the questions associated with the following criteria (cf. Table 2 ). Users attribute a value between 1 and 10 for each criterion. The proposed data manipulation criteria focus on the ability of the tool to incorporate and understand the data. Selected criteria are common in several visualization evaluation methods (cf. section 2.3).
Category 3: patterns discovery 2.10. Data and knowledge quality (DKQ): it is the belief in which the tool provides the user with helpful and important data to mine and the knowledge integrated into the decision-making process. 2.11. Causal dependencies (CD): verify the exploration of the causal relationships between variables. 2.12. Visual prediction (VP): measures the performance of the visualization tool in the prediction task. We suggest this list of criteria to verify the tool ability to visually provide knowledge about the displayed data. To what degree the visualization tool is able to explore data at different levels of detail? Table 2 presents possible linguistic variables associated with the evaluation questions. These evaluations do not imply any representative value. The solution for treating uncertainty in the users' evaluations is to express them in fuzzy numbers' form corresponding to the linguistic variables of the membership functions. Since a fuzzy number can be considered as a generalization of the membership function interval, it is equal to a quantity whose value is imprecise. In Table 3 , we present the fuzzy numbers of our evaluation system. The numeric value representing the meaning of each linguistic variable range is used as the parameter to the Mamdani inference system. In this context, modeling with fuzzy numbers allows the incorporation of uncertainty in evaluation survey results. The final result will reflect more truthfully the opinion of the human evaluator.
The participants could end Set 2 by presenting suggestions for improvement and/or extensions.
Step 2: fuzzy logic application
The application of fuzzy set theory 8 on the participants' answers is a suitable approach for its use of linguistic variables (verbal values) and its ability to deal with limited and vague information. An example to show the impact of using fuzzy logic for evaluation is of Chou's 64 work. The author proposed the use of the fuzzy logic to deal with customers' feeling and demands in order to translate them into the design elements of a product. They claimed that it is difficult to quantitatively evaluate customers' preferences on attributes of products because such preferences involve the human perceptual interpretation with certain subjectivity, uncertainty, and imprecision. This work presents a fuzzy linguistic preference approach for evaluation. The proposed approach is based on fuzzy linguistic variables associated with the fuzzy weighted average techniques for aggregating preference information.
In this context, we propose a formal tool for representing and analyzing survey results issued from a questionnaire. The fuzzy logic application for visualizations evaluation is expected to handle these survey results by reasoning using linguistic variables. It is based on a set of rules and organized into three steps (cf. Figure 1 In the fuzzy logic method, we assign to each category linguistic variables using the membership function that allows the graphical representation of a fuzzy set. In Figure 2 , two examples of fuzzy sets are visible: (1) the first represents an example of input fuzzy set for the changes over time criterion (where associated linguistic values vary between very unclear and very clear) and (2) the second represents our output fuzzy set, which is the evaluation criterion (where associated linguistic values vary between low and very high). The x-axis denotes the universe of discourse and the y-axis denotes the membership degrees in the [0,1] interval. In our context, we propose to use the Mamdani's fuzzy inference method, 65 which is most frequently seen as fuzzy approach. Mamdani's work was based on Zadeh's 66 1973 publication on fuzzy algorithms for complex systems and decision processes. This method consists of (1) combining the fuzzified inputs according to the fuzzy rules (which will be explained subsequently) in order to establish rule strength, (2) finding the rule consequence by combining the rule strength and the output membership function, and (3) combining the consequences to generate an output distribution.
The implication method (Mamdani's method) is
It integrates the most common defuzzification method, which is the centroid technique. It allows finding a point that represents the center of gravity (COG) of the output fuzzy set. It is the abscissa of the COG of the area under the curve results
with universe of discourse (all the considered output values).
Rules' base. The fuzzy rules are generated from (1) the expert's reasoning and linguistic expressions and (2) the relationships between the variables. The fuzzy output is concluded by the degrees of realization and the consequent rules' part. The rules should be aggregated to provide a membership of the output fuzzy variable to a consolidated fuzzy set. We consider that the rules are linked by an OR
where i belongs to indexes of enabled rules. Rule antecedent is created following sets of evaluations. However, the rule consequent is determined by the evaluator (human expert) by assigning a linguistic value to the linguistic variable usability of the evaluated criteria. The evaluator chooses the linguistic value of particular criterion according to the intersection of a fuzzy number for the criterion with its membership functions. Then, he or she defines a new fuzzy rule depending on the linguistic value and his or her expert knowledge and experience. With each new evaluation, a new fuzzy rule is added allowing learning our inference module and more accurate results. Generating automatically a fuzzy rule base diminishes the subjectivity of establishing evaluation for the iDSS visualization tools. Figure 3 presents two examples of generated rules by our system.
In the following section, we present the application of our method to evaluate of the existing visualization tools in the medical domain.
Application and results
The goal of our work is to introduce an intelligent evaluation methodology assessing the visualizations generated by iDSS. This novel approach allows user's uncertain evaluation. Since we think that it is not sufficient to apply the existing evaluation methods to support such uncertainty using classical binary logic, this article presents a new evaluation approach, based on artificial intelligence. It interprets and analyzes initial questionnaire evaluation results using fuzzy logic. This new method will be applied for two medical case studies in order to verify its applicability.
Case study: visual iDSS for the fight against nosocomial infections
The proposed evaluation method was applied to an existing medical visual iDSS 38 under use in the Teaching Habib Bourguiba Hospital of Sfax, Tunisia.
This system was developed to analyze the clinical parameters (antibiotics, medical acts, and infectious examinations) to calculate the daily probability of nosocomial infections' occurrence in the ICU. It integrates the dynamic Bayesian networks' technique 28, 67 and a set of visualization techniques (such as the perspective wall, the LifeLines, the star and tabular representations). We proposed to evaluate three visualization tools: the perspective wall for the temporal data visualization, the LifeLines, and the interactive bubble chart for the temporal knowledge visualization. 38 Perspective wall technique. It is a visualization technique based on a geometric transformation that focuses on the visualization of the linear structure of data. It arranges information from the left to the right on a virtual wall. This technique is well suitable for visualizing temporal large amounts of information. The data are presented chronologically on several panels (three in general). The central panel is in the foreground, and the other panels (right-hand side and of left) are behind the plane, which gives an effect of prospect corresponding to the concept of ''focus + context.'' The central panel corresponds to a given period, the left to what is anterior to this period and the right to what is posterior. 68 LifeLines technique. It offers a visualization space that can be applied to medical records, professional histories, and other types of biographical data. This technique allows a one-screen overview that shows multiple facets of the records. Concerning the features, they are displayed as individual time lines. 69 Interactive bubble chart technique. It is a technique that was issued to visualize a dataset with four dimensions. The first two dimensions are visualized as coordinates, the third as color, and the fourth as size. Such visualization allows comparing and presenting the relationships between labeled circles. It has the ability to (1) automatically generate trend lines and interactive bubbles, (2) adjust them by the decision-makers, and (2) consequently update the associated data. 70 In the following section, we present our evaluation of these three visualization techniques developed in the system of Ltifi et al. 38 and Elouni et al.
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Evaluation method application
Step 1. Thirty participants divided into five groups were invited to participate in our user test study: each group includes two ICU resident physicians, two health informatics (HI) professionals, and two volunteer assistants from the university community. We assigned six users (one group) per tool (two per user profile). Based on their profiles, the users belong to one of the following categories:
Domain expert: resident physicians with extensive experience in nosocomial infections surveillance. Domain novice: HI professionals having some experience with medical data analysis. Software developers: graduate student research assistants having an M.S. in computer science. Figure 4 presents the average values describing the participants' experience. Bars refer to the questions (1.1.-1.5) enumerated in section 3.1. According to their answers, all users have been familiar with the database concepts, the used databases management system, and the query language idea. However, most of them are not familiar with the visual data mining and decision-making technologies, which require a training section (cf. section III.1). Then, the participants followed a training session to help them understand the tools to be evaluated as described in section III.1. (Session progress and results are presented in Appendix 1.) Figure 3 . Examples of generated rules.
Step 2. The usability questionnaire was implemented to allow participants entering, for each item (criteria), a value from 1 to 10 and helping to calculate the corresponding scores. Once all responses have been recorded, evaluation scores will automatically appear on the final user interface. As mentioned previously, three conducted surveys are fulfilled to evaluate the perspective wall (allowing the visualization of antibiotics taking by a patient during his or her hospitalization period), the LifeLines (presenting the decisions taken during the patient hospitalization period), and the interactive bubble chart tools (displaying the calculated probabilities by the dynamic Bayesian networks).
Our user study does not consist in comparing the two existing visualizations, but in verifying whether the proposed method can intelligently analyze the user reviews, and that the calculated results are close to their way of seeing these visualizations.
Perspective wall evaluation. An example of the user interface presenting the answers of a physician on the perspective wall evaluation is visible in Figure 5 . According to the participant answers (cf. Figure 5(a) ), the system activates two rules (R26 and R27). Applying the Mamdani method, the evaluation value obtained is 7.48 (cf. Figure 5(b) ). By projecting this value on the curve, we find that the evaluation is 59% high and 28% very high (cf. Figure 5(b) ).
For the other participants, perspective wall evaluation results are presented in Table 4 in the discussion section.
LifeLines evaluation. Figure 6 shows another example presenting the answers of a HI professional (in the second group of participants) about the LifeLines tool. According to the users' answers (cf. Figure 6(a) ), the system activates eight rules (R14, R15, R17, R18, R23, R24, R26, and R27). The associated evaluation value obtained is equal to 5.7 ( Figure 6(b) ). By projecting this value on the curve, we find that evaluation is 16% medium and 60% high (cf. Figure 6(b) ).
The LifeLines evaluation results of the other participants are visible in Table 4 of the discussion section.
Interactive bubble chart visualization. Figure 7 presents an example of the user interface presenting the answers of an assistant on the bubble chart evaluation. According to the participant answers (cf. Figure 7(a) ), the system activates four rules (R14, R16, R25, and R27). Applying the Mamdani method, the evaluation value obtained is 6.9 (cf. Figure 7(b) ). By projecting this value on the curve, we find that the evaluation is 70% high and 5% very high (cf. Figure 7(b) ). For the other participants, bubble chart evaluation results are presented in Table 4 in the discussion section.
Results and discussion Table 4 shows the evaluation results of the three visualization tools that integrated in the visual iDSS for the fight against nosocomial infections in the ICU. These results are given by three groups of participants. In fact, each group of participants is composed of six members and is interested in evaluating visualizations and the results are introduced as inputs to our fuzzy system.
Finally, the output evaluation score is shown. Activated rules are also displayed. As stated previously, these rules are generated and based on new evaluations submitted by the participants. The learnability characteristic of our system allows it to add a new rule with each new evaluation allowing better learning to our inference unit and more accurate results.
As presented in Table 4 , the three groups of physicians, HI professional, and assistants evaluated each criterion of the three categories (usability, data manipulation, and patterns' discovery) by assigning a numeric value. For example, for evaluating LifeLines visualization technique, the first physician of the second group gave the value 8 to COM, 8 to ETU, 7 to SPU, 6 to PRF, 7 to NGT, 6 to DTC, 6 to CHT, 7 to OV, 5 to DET, 8 to DKQ, 4 to CD, and 6 to VP. Then, a linguistic value is specified after projecting each numeric value of particular criterion with the corresponding membership function. Each criterion described by a linguistic value is inputted in the Mamdani inference controller that uses active rules (in which the antecedent part includes evaluated criterion) to generate the output (E) representing the overall evaluation score of visualization technique and taking into account each single evaluation of the criteria set and their weightiness in the overall evaluation procedure. The projection of output variable (E) with output membership function (eval) provides a fuzzy evaluation of visualization that well handles the uncertainty of this procedure (3% very high and 68% high) concerning the evaluation of Physician 1 G2.
Experiment results' discussion. The evaluation results (visible in Table 4 ) of the visualization tools about the three user profiles are close and the activated rules are sometimes repeated. This allowed modeling the vagueness in the initial judgments obtained from users' evaluation. Moreover, these different evaluation values show that users with their different levels of expertise have generally appreciated the use of these visual representations of the iDSS for the fight against nosocomial infections. The use of the fuzzy logic allowed transforming the input evaluation scores into linguistic variables and linguistic evaluation of overall iDSS visualization tools. The projection of the calculated results proves that the evaluation is probabilistic and cannot be simple numeric value, but that the uncertainty is an inherent part of the evaluation and hence is a crucial component in decision-making.
Evaluation procedure discussion. Our method is quite general and could be applied to different kinds of visualization tools of iDSS. We briefly discuss such application in the following points:
1. The first set of questions aims at collecting the participants' background information. This step allows judging the entire evaluation results. 2. The training session is required for all new visualization tools. It is ended by (1) asking participants to find answers to data queries and visually analyze hidden relationships in the dataset and (2) giving information about the questions' difficulty and the time of their completion. 3. The second set of questions stores the overall user opinion about the visualization tool usability, data manipulation, and patterns' discovery capacity. Such questions are necessary for visual analytics tools' evaluation. 4. And finally, the second step that enables applying the fuzzy logic to analyze this overall user opinion and eliminate uncertainty by interpreting input variables and generating a final evaluation result.
To show that the proposed evaluation approach contributes to the literature, we classify it relatively into a set of selected existing methods (Table 5 ). This classification is based on a set of common features' characterization of iDSS. 71 Based on Table 5 , our method is interesting considering the features' characterization of iDSS evaluation. 64 Fuzzy inference process is more dynamic, learnable, and adaptable with evaluation context. In fact, the evaluator chooses the linguistic value of a particular criterion according to the intersection of fuzzy number for the criterion with the membership functions of such criterion. Then, he or she defines a new fuzzy rule depending on the linguistic value and his or Furthermore, the proposed evaluation method considers technical specificities of generated visualization. Finally, participants assert that the results achieved following the application of our method are closest to their opinions. However, a limitation presented by the participants of third profile is that the proposed method is specific for the evaluation visualizations generated by iDSS and applied in the medical domain. Its generalizability should concern any visual analytics context, which could provide more evidence that the proposed method will be useful in other visualizations and other scenarios. For this reason, we have planned further work to address such generalization.
Conclusion
Several iDSSs were developed to support the important decision-making processes. Therefore, evaluations are significant to ensure that these systems will live up to the users' expectations. The research reported in this article provided a new evaluation method of the visualizations of iDSS. It consists of two steps: (1) collecting users' background information and their overall opinion (in terms of values) about the tool to evaluate and (2) applying the fuzzy logic to analyze these values. In our study, three criteria are considered for one visualization tool that involves usability, data manipulation, and patterns' discovery dimensions. Then by applying fuzzy logic, we get a new procedure for evaluating visualization tools. The results of applying this method for the perspective wall and LifeLines tools' evaluation show that our approach can be a practical method. The proposed evaluation method provides a support for the inexperienced users to fulfill the assessment of iDSS visualization tools. It allowed modeling the vagueness in the initial judgments obtained from this assessment. Our study shows that this evaluation is a probabilistic model that supports uncertainty, a crucial component in decision-making.
As a continuation of our work, we have started the application of the fuzzy logic on the questionnaire variables to automatically generate the usability, the data manipulation, and the patterns' discovery values where each criterion will be considered as an input fuzzy set. In effect, we assume that participants can be uncertain about their attitudes. We plan to implement the neural approach to natural language processing in the evaluation procedure for learning and adaptation. The method must use natural language expression to interactively communicate with its human environment; it must follow the conversation's context and understand the meaning of each sentence of user evaluation and then execute it. The generalizability of the method will also be addressed by applying it to other visual analytics contexts. some questions about the knowledge extraction from data, interpretation, and visualization.
The training session was video recorded and later reproduced in a text document for later analysis. It allowed simulating how medical decision-makers learn to use new visual analytics tools from their hospital colleagues. During this training session, participants were requested to comment on their observations, data analysis, and knowledge integration. At the end of the training, participants were asked to find answers to the following query questions. Figure 5 presents the evaluation of the participants' overall experience with the tools in terms of questions' difficulty (cf. Figure 8 ) and time of completion (cf. Figure 9 ).
As shown in Figures 8 and 9 , queries requiring more analytic effort are considered as harder and take more time of completion, except the seventh one. The time to complete the queries was in the interval (49 s, 247 s; cf. Figure 9 ). According to the participants, the harder query question was number 5 and then number 6. However, these questions still have been judged as medium (between 5 and 6 in the 10-level difficulty scale; cf. Figure 8) . 
